I. INTRODUCTION

S
OIL moisture is an important land surface variable affecting water and heat interactions between the soil column and the atmosphere [1] . Availability of reliable global soil moisture products obtained through satellite based active and/or passive microwave sensors could, therefore, be used to improve simulations of surface energy and water balances [2] - [4] , which are used within many applications, such as drought monitoring, flood forecasting, numerical weather prediction, and agriculture.
The current "state of the art" in satellite based soil moisture monitoring is at the stage where soil moisture products retrieved from radiometer observations acquired by the advanced microwave scanning radiometer (AMSR [5] ) are available online on a near real time basis ([6] , verified on June 6, 2007) and could potentially be used. In addition, using active microwave scatterometer observations [e.g., European Remote Sensing 1 and 2 (ERS-1/2) satellites], progress has been made toward global soil moisture monitoring products [7] - [9] . Soil moisture retrieval algorithms using active microwave observations, however, are still under development, and satellite retrievals often suffer from large uncertainties, particularly over regions with changing vegetation conditions. Because a combined passive/active L-band microwave mission is approved for launch (e.g., Aquarius [10] ) and is being proposed (e.g., soil moisture active passive (SMAP), formerly known as the Hydrosphere State (Hydros) mission [11] ), a robust radar-based soil moisture retrieval algorithm over vegetated conditions is desired.
Within active microwave soil moisture retrieval applications, the semiempirical water cloud [12] - [14] and empirical change detection approaches [15] - [18] are frequently used. With the application of empirical change detection approaches, scattering induced by the vegetation cover is considered to be timeinvariant, which restricts the application of these approaches to observations acquired over time intervals with limited vegetation growth. The water cloud algorithm assumes that a canopy can be represented by a cloud of water droplets, and higher order scattering contributions are negligible. Changes in biomass are taken into account by the water cloud approach through changing the density of water droplets within the cloud. The vegetation effects on the observed backscatter coefficient (σ • ) are described through the following two mechanisms: 1) attenuation of the soil surface scattering component and 2) scattering of elements (e.g., leaves, stalks, and branches) within the vegetation layer. Implementations of the water cloud approach parameterize both mechanisms as a function of an empirical parameter and "bulk" vegetation variables, such as Leaf Area Index (LAI [13] ), and vegetation water content (W [14] , [19] , [20] ).
A consequence of this modeling concept is that, in the limit of dense vegetation, the modeled backscatter is only a function of the vegetation scattering component, and the contribution of soil surface scattering becomes negligible. The sensitivity of the water cloud approach to soil moisture changes becomes, under dense vegetation, very small. In reality, radar observations show a much higher sensitivity to changes in soil moisture over dense vegetation because of microwave interactions between the soil surface and vegetation [21] . These higher order scattering terms 0196-2892/$25.00 © 2008 IEEE are not included in the water cloud approach. De Roo et al. [20] extended the water cloud concept by including first-and second-order scattering components but found for soybeans that the contribution of these modeled scattering components to the total modeled σ • is negligible. In this paper, a methodology is described to correct L-band radar observations for the vegetation effects through the corn growing season. The vegetation correction procedure is embedded within a soil moisture retrieval algorithm, for which the surface scattering component is formulated by the Integral Equation Method (IEM [22] 
A. Site Description
The presented investigation is based on field measurements collected in a campaign conducted at the U.S. Department of Agriculture's OPE 3 experimental site [23] . The site consists of four adjacent watersheds with similar surface and subsurface soil and water flow characteristics and covers an area of 25 ha near Beltsville, MD. The soil textural properties are classified as sandy loam with 23.5% silt, 60.3% sand, 16.1% clay, and bulk density of 1.25 g · cm −3 . A detailed description of the research activities can be found at http://hydrolab.arsusda.gov/ope3 (verified on April 20, 2007) .
B. Ground Measurements
The ground measurements were collected in conjunction with radar data acquisition, which took place on every Wednesday (rainy days excluded). During the field campaign, representative soil moisture, soil temperature, vegetation biomass, and surface roughness measurements were taken around the radar footprint; this characterization was conducted around the periphery of the footprint to preserve the integrity of the footprint.
Soil moisture measurements were collected using a gravimetric sampling technique and portable impedance probes (Delta-T theta probe) at 21 sites located at the edge of a 67.1 m × 33.5 m rectangular area situated around the radar footprint. At the beginning of each sampling day, gravimetric soil samples were collected in conjunction with the theta probe and radar observations. Simultaneous to the other radar observations acquired during the sampling day, soil moisture was measured using the theta probe. Using the gravimetric measurements, the theta probe observations are calibrated to provide a soil moisture measurement representative for each radar observation (details on the calibration of the theta probe observations can be found in [24] ).
Vegetation biomass and surface roughness measurements were taken around study area at locations representative for the footprint. Surface roughness was characterized on May 10, 2002 (on the same day as the first radar observations) using a 2-mlong grid board. In total, ten surface roughness profiles were acquired around the footprint. These profiles were digitized at a 0.5-cm interval, and the digitized profiles were used to compute the root-mean-square height (rms height) and the correlation length (ρ). Based on the ten surface roughness profiles, the averaged rms height and ρ of 1.62 and 12.66 cm were found with a standard deviation of 0.64 and 7.7 cm, respectively. For the ten digitized surface roughness profiles, the spectral density of the roughness was best represented by a Gaussian correlation length function. However, the surface roughness measurements are not used as input for the soil moisture retrieval algorithm presented in this paper and only used for comparison with surface roughness parameters inverted from the radar observations.
C. Radar Observations
One of the microwave instruments operated during the field campaign was a multifrequency [C-band (4.75 GHz) and L-band (1.6 GHz)] and quadpolarized radar (HH, HV, VV, and VH), which is mounted on a 20-m-long boom. Since the early 1990s, this instrument has provided reliable backscatter observations during field experiments across the U.S. [25] . The data collected during these field experiments have been used successfully for the validation of scattering models developed by Chauhan and Lang [26] and others.
In the OPE 3 field campaign, radar data were collected on one day a week at nominal times of 8 A.M., 10 A.M., 12 P.M., and 2 P.M. During each data run, the radar acquired 60 independent measurements within an azimuth of 120
• from a boom height of 12.2 m and at three different incidence angles (15 • , 35
• , and 55
• ). The 60 observations in the azimuth direction were averaged to provide one backscatter (σ • ) value for the study area. Through averaging of the measurements in the azimuth direction, row effects are assumed to be eliminated. The absolute calibration accuracy of the radar instrument is estimated to be lower than 1 dB [27] . For this paper, only the L-band observations are used.
As an illustration of the L-band radar sensitivity to soil moisture, weekly HH-and VV-polarized radar observations acquired at a view angle of 15
• have been shown as a time series in Fig. 2 in soil moisture. This suggests that the application of vegetation correction algorithm could improve the interpretation of changes in backscatter in relation to soil moisture changes.
III. DEVELOPMENT OF THE RETRIEVAL ALGORITHM
The proposed retrieval algorithm is based on the concept that the ratio of the bare soil scattering contribution to the observed σ
• over the observed σ
is influenced by the vegetation cover and the sensing configuration, according to
where σ
• pp is pp-polarized radar observed σ • and σ
• pp,soil is the pp-polarized soil surface scattering contribution [-] .
At first sight, this modeling concept seems to be an oversimplification of reality, because as other scattering approaches [28] - [30] and soil moisture retrieval methods [12] , [20] do, no specific individual scattering mechanisms (e.g., surface scattering, vegetation scattering, and higher order scattering components) is provided. The purpose of the proposed retrieval algorithm is not to accurately represent the individual scattering mechanisms but to provide a workable framework for radar based soil moisture retrieval. From this perspective, the presented concept may prove to be useful, because the soil moisture sensitivity within this retrieval concept is preserved over all vegetation densities, for the σ
• pp is a function of bare soil scattering and, thus, also the soil moisture. Implementation of this concept within a soil moisture retrieval framework requires as follows: 1) parameterization of the bare soil scattering and 2) parameterization of a relationship that describes the influence of the vegetation cover on the ratio σ
A. Bare Soil Scattering
For the presented soil moisture retrieval application, the bare soil scattering component is provided by the physically based IEM [20] . The surface roughness parameterization required for the IEM simulations consists of the rms height, correlation length (ρ), and the shape of the correlation length function, which may vary between "Gaussian" and "exponential." In addition, the dielectric permittivity should be known, which depends on soil moisture and soil textural properties.
In this paper, the rms height and ρ are inverted from dualpolarized radar observations acquired in May 10 over nearly bare soil conditions (W = 0.006 [kg · m −2 ]) through a least squares optimization technique with an assumed Gaussian correlation length function. Using soil moisture measurements (= 0.18 cm 3 · cm −3 ) and available soil texture information, the dielectric permittivity representative for these radar acquisitions is defined. For each view angle, a unique combination of rms height and ρ values is found for the parameter set, for which the deviation between the IEM modeled and observed σ
• is smallest. Fig. 3 shows the roughness inversion from dual-polarized L-band σ
• observations acquired at a view angle of 55
• . Through this inversion methodology, the surface roughness parameters are obtained for HH-and VV-polarized backscatter observations acquired at view angles of 15
• , 35
• . The resulting surface roughness parameters are presented in Table I . The rms difference (RMSD) computed from the difference between the observed and simulated bare soil σ
• is for each of the three view angles lower than 0.42 dB, which is lower than the estimated uncertainty of the radar observations. Compared to roughness measurements, the retrieved roughness values are somewhat small. However, the influence of surface roughness on the radar measurements is also affected by the view angle and the wavelength [31] . It is, therefore, difficult to interpret the validity of the retrieved roughness based on field measurements. The dependence of the effective roughness to view angle • . These surface roughness parameters inverted from observations acquired at the beginning of the experiment are used for the retrieval of soil moisture over the entire corn growing season. The surface roughness effects on the radar observations are assumed to be time-invariant. However, it is well understood that, due to environmental conditions (e.g., rainfall and wind) and agricultural practices, the surface roughness may change significantly. In the work of Zobeck and Onstad [32] and Jackson et al. [33] , the influence of rainfall is considered to have a significant impact of surface roughness conditions, while surface roughness measurements reported by Callens et al. [34] show that the change in surface roughness due to rainfall events is only significant when the field has been recently (a few days) tilled. For our campaign, the field was not tilled after the corn crops were planted on April 17, 2002 which is almost four weeks before the first radar observation on May 10, 2002. During the period from April 17 to May 10, 87 mm of rain was measured at the OPE 3 site, which smoothed the ploughed soil surface. Thus, based on the observations of Callens et al. and the measured rainfall, it is reasonable to assume that the surface roughness did not change over the growing season. • . The reasoning for this is that the W can be retrieved from readily available remotely sensed vegetation indexes [35] . Moreover, the vegetation water content and related remotely sensed vegetation indexes are frequently used within passive microwave soil moisture retrieval algorithms [36] - [38] .
B. Relationship Between σ
To find the relationships between the σ • pp,soil /σ
• pp and W , both variables are plotted against each other, as shown in Fig. 4 , for each view angle and both polarizations, separately. The bare soil scattering component is obtained through IEM simulation with input of the inverted roughness parameters from the previous section and the measured soil moisture. Application of the surface roughness parameters inverted from radar observations collected at the beginning of the growing season is justified by assuming that the surface roughness does not change a lot over this period.
In Fig. 4 , clear relationships are observed between σ • pp degrees, the "exponential decay" and the "increase" of are smallest and largest, respectively. This means that the vegetation effects on σ
• are smallest for this antenna configuration. This is expected because, at a low view angle, the observed vegetation volume is smaller, and VV-polarized radiation has less interaction with the vertically oriented vegetation than HH-polarized radiation [38] .
The scatter plots (HH-as well as VV-polarization) for the 15 Based on the observations made with respect to Fig. 4 , the following general fitting equation is proposed to describe the σ
where a and b can be considered to be site-specific vegetation parameters [m 2 kg −1 ]. In (2), the first term on the right-hand side represents the increase in σ servations itself. However, from the soil moisture retrieval perspective, the accuracy, at which the observed σ
• can be reconstructed, is not of primary interest. More important is the ability of model concept to describe the bare soil scattering component.
IV. SOIL MOISTURE RETRIEVALS
In this section, the soil moisture retrieved from L-band radar observations collected during the entire corn growing season are discussed. The applied retrieval procedure includes a surface roughness and a vegetation correction. The influence of surface roughness on σ
• is accounted for through IEM simulations with input of surface roughness parameters inverted from radar observations acquired under nearly bare soil conditions and is assumed to be constant throughout the growing season. The vegetation correction is based on the obtained σ
For potential operational application, the algorithms could be outlined as follows. First, the surface roughness parameters are inverted using IEM and dual-polarized radar observation acquired over nearly bare soil conditions. Second, the bare soil scattering contribution is computed using (2) with the input W . The soil moisture content can then be inverted from the bare soil scattering contribution using the IEM with input of the roughness parameters obtained under the first step. This retrieval procedure is schematically illustrated by the flowchart shown in Fig. 5 .
The retrieval procedures, described earlier, has been applied to HH-and VV-polarized radar observations acquired at view angles of 15
• . The obtained retrievals are plotted against the soil moisture measurements shown in Fig. 6 . Statistics describing the uncertainty of the soil moisture retrievals with respect to the measurements are given in Table III. As shown in Fig. 6 , for each sensing configuration (e.g., polarization and view angle), positive relationships are found between the retrieved and measured soil moisture. The maximum and minimum soil moisture retrieval errors (see RMSD given in Table III ) are 0.064 and 0.033 cm 3 · cm −3 , respectively. Considering that the soil moisture is retrieved over the entire corn growth cycle with a maximum W of 5.1 kg · m −2 , even the highest retrieval error is comparable to previous investigations. Taconet et al. [39] and Prevot et al. [13] , for example, reported • and 55
• are 0.033 and 0.037 cm 3 · cm −3 , respectively, which are error levels that are comparable to uncertainties obtained within passive microwave soil moisture retrieval applications [36] , [37] , [40] , [41] . It TABLE III  SOIL MOISTURE RETRIEVAL STATISTICS COMPUTED  BASED ON SOIL MOISTURE MEASUREMENTS should be noted that the passive microwave observations used within these investigations were acquired at resolutions varying between several hundred meters up to tens of kilometers. Because of the highly variable spatial soil moisture dynamics, the spatial representativeness of the soil moisture measurements is a much larger source of uncertainty in the validation of those retrievals than for our experiment. However, the temporal soil moisture variability at such a large scale is typically smaller than for our field scale experiment. The relatively large difference in soil moisture retrieval error between HH-and VV-polarized is somewhat peculiar but can be explained by the difference in soil moisture sensitivity of surface scattering component between the HH-and VVpolarization. In Fig. 7 , the soil moisture sensitivity of the IEM modeled σ
• is shown for both polarizations and all three view angles. For all three view angles, the soil moisture sensitivity of the VV-polarization is larger than that of the HH-polarization. Therefore, uncertainties in the soil moisture retrieval procedure, as described in the previous section, have a larger impact on the soil moisture error for the HH-polarized observations than for the VV-polarized observations. Furthermore, the strong decreasing soil moisture sensitivity of the IEM modeled σ • under wet soil moisture conditions (see Fig. 7 ) is also an explanation for the larger scatter above soil moisture contents of 0.20 cm 3 · cm −3 . The retrieval errors presented in Table III should be viewed in this context and in combination with the calibration error given in Table II. For example, for a view angle of 35 • , the calibration errors are small, and the sensitivity of the bare soil σ
• to soil moisture is relatively high. This combination results in the lowest soil moisture retrieval errors. On the other hand, for HH-polarized observations acquired at a view angle of 55
• , the calibration error is relatively large, and the sensitivity of the bare soil σ
• to soil moisture is relatively low, which results in the largest soil moisture retrieval errors. The soil moisture retrieval accuracy of the proposed retrieval procedure is determined in part by the soil moisture sensitivity of the bare soil scattering component, as well as the calibration error between the modeled and observed σ
• .
V. CONCLUSION AND DISCUSSION
Surface soil moisture is retrieved from L-band radar observations acquired during a corn growth cycle at view angles of 15
• . The applied retrieval algorithm includes a surface roughness correction and a vegetation correction. The roughness correction is based on the IEM, for which the surface roughness parameterization is obtained through inversion from dual-polarized radar observations acquired over nearly bare soil conditions. It is found that the ratio of bare soil scattering contribution over the observed σ
• (σ soil /σ obs ) can be related to the vegetation water content (W ). This relationship is used to correct the observed σ
• for vegetation influences. The retrieval of soil moisture is, then, based on the derivation of the bare soil scattering component from the radar observations using an empirical relationship between σ soil /σ obs and W . Validation of the soil moisture retrievals against ground measurements yields errors varying between 0.033 and 0.064 cm 3 · cm −3 . The retrieval errors obtained for VVpolarized radar observations were systematically lower than for HH-polarized observations. This difference is explained by the soil moisture sensitivity of bare soil scattering component, which is smaller for the HH-than for the VV-polarization. Due to the low soil moisture sensitivity of the bare soil scattering component, larger errors are found under wet conditions (soil moisture > 0.20 cm 3 · cm −3 ). The strength of the applied retrieval procedure is the estimation of soil moisture contents between 0.01 and 0.20 cm 3 · cm −3 over a range of vegetation densities (0.0-5.1 kg · m −2 ). Parameterization of the crop dependent parameter is, however, important for the accuracy of the soil moisture retrievals but is not available at larger scales. More research should, therefore, be conducted to determine the vegetation parameters for other land covers as has been done for the b parameter [42] , [43] , which is used for the vegetation correction within passive microwave soil moisture retrieval applications.
